An alternative approach to evaluating the correlation skill of near-term climate predictions is proposed. The approach separately quantifies the skill of the initialized and uninitialized components of the forecast and their contributions to overall correlation skill. The initialized component consists of the predictable part of the internally generated natural variability and that part of the externally forced component affected by initialization. The methodology is applied to results from the latest Canadian Centre for Climate Modelling and Analysis' decadal prediction system. The initialized component of annual mean temperature forecasts exhibits regional skill over ocean and land. The contribution to overall skill is modest at longer ranges and for multiyear temperature averages, partly because of the strong temperature response to external forcing. Larger ensembles increase the percentage of global area with predictable variance due to initialization and the contribution to overall skill from the initialized component of the forecast.
Introduction
Decadal prediction is a general term that refers to climate forecasts on the range of a year to a decade. The forecast is typically for annual or multiyear averages of quantities of interest such as temperature and precipitation Goddard et al., 2013; Kirtman et al., 2013) but may also be for multiyear seasonal averages of these quantities (Yeager et al., 2018) and/or for indices or other statistics (Kim et al., 2012; Meehl et al., 2014; Pohlmann et al., 2013) . A decadal prediction experiment is part of the fifth Coupled Model Intercomparison Project (CMIP5, Taylor et al., 2012) and is a prominent component (Boer et al., 2016) of CMIP6 (Eyring et al., 2016) . The World Climate Research Programme Grand Challenge on Near-Term Climate Prediction encourages research into decadal prediction with a goal of fostering both scientific understanding and application (Kushnir et al., 2019) .
Predictions must be accompanied by skill measures in order to be credible and useful for real-world applications. Assessing skill is not a trivial matter (Goddard et al., 2013; Jolliffe & Stephenson, 2012) and the World Meteorological Organization has designated production centers and basic skill measures for operational decadal prediction building on previous experiences (e.g., Smith et al., 2013; WMO, 2016) . Historical skill measures assess the match between predictions and verifying data over a sequence of retrospective forecasts (or hindcasts) of past cases. Correlation, mean square error, and mean square skill score are basic skill measures which, although having limitations, are straightforward and familiar.
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Climate evolution on decadal timescales depends on a combination of an externally forced component (e.g., due to greenhouse gases, aerosols, land use change, and solar variations) together with an internally generated natural variability component. The climate consequences of the externally forced component may be estimated from climate simulations (e.g., Kirtman et al., 2013) with no expectation that the temporal evolution of the internally generated component will match observations. A decadal prediction, by contrast, attempts to forecast the temporal evolution of climate variables by initializing a forecasting model with observation-based information and integrating forward in time. Initialization affects both the forced and internally generated components of variability. The interest here is in the comparative extent to which initialization affects the forecast skill of these components. This is of particular interest for temperature, which exhibits a strong forced component. This is pertinent for correlation skill which is often used for decadal forecast verification (Goddard et al., 2013; Yeager et al., 2018) in conjunction with the argument that a weak signal may be revealed by using large forecast ensembles in the presence of strong, perhaps too strong (Scaife & Smith, 2018; Smith et al., 2019) , unpredictable variability. We describe an approach to quantifying the correlation skills of initialized and uninitialized forecast components, the contributions to overall correlation skill based on their variance fraction, and the dependence on ensemble size.
Data and Methods
Ensembles of 20 historical decadal forecasts, initialized at the end of each year from 1960 to 2013, are analyzed together with an ensemble of 20 historical climate change simulations begun from the preindustrial period. Forecasts and simulations have the same external forcing parameters during their overlapping time period. The forecasts and simulations are produced using the Canadian Earth System Model version 5 (CanESM5) developed at the Canadian Centre for Climate Modelling and Analysis as a contribution to the Decadal Climate Prediction Project (Boer et al., 2016) . CanESM5 is described in Swart et al. (2019) , and the decadal prediction experiment, together with evaluations of key atmospheric and oceanic fields, is described in a separate publication in preparation. The data used here are available online (https://esgf-node.llnl.gov/ search/cmip6/). Predictions of near-surface air temperature are considered. Observation-based verification data from the European Centre for Medium-Range Weather Forecasts reanalyses ERA-40 (Uppala & Coauthors, 2005) and ERA-Interim (Dee et al., 2011) are blended into a single product to span the hindcast years. These data sets are available online (https://www.ecmwf.int/en/forecasts/datasets/browse-reanalysis-datasets). Observations, forecasts, and simulations are aligned by start date, and sample statistics and climatologies are calculated by averaging across the start dates at a given forecast range. Anomalies are taken relative to climatologies computed separately for each data set, and predictions are bias corrected following the recommendation of Boer et al. (2016) .
Statistical significance is evaluated using a nonparametric moving-block bootstrap approach (Goddard et al., 2013; Wilks, 1997) to generate each score's sampling distribution based on 1,000 repetitions. The 5% and 95% quantile estimates of the distribution of a skill score determines its 90% confidence interval. If the confidence interval does not include zero, the skill score is deemed statistically significant with 90% confidence and the associated grid cell is cross hatched in the maps. The Fisher's Z-transformation is applied to correlation scores before computing confidence intervals, and its inverse is applied to the resulting quantiles.
Approach
For observations X, forecasts Y , and simulations U, one approach (e.g., Boer et al., 2013; Goddard et al., 2013; Kirtman et al., 2013; Yeager et al., 2018) estimates the effect of initialization on correlation skill as the difference between the skill of the initialized forecasts r XY and the skill of the uninitialized simulations r XU as
Herer u = r XU is the correlation skill associated with the simulations andr i = r XY − r XU the skill difference attributed to initialization. This approach is straightforward but may overemphasize uninitialized skill in the presence of comparatively strong trends in the data, as is the case, for instance, for temperature. We consider here an alternative approach in which the forced component of the forecast is first decomposed Geophysical Research Letters 10.1029/2019GL086361 into uninitialized and initialized subcomponents. This leads to an alternative decomposition of (1) and an improved measure of the impact of forecast initialization on prediction skill.
The approach and notation largely follows (Boer, Kharin, & Merryfield, 2013 , 2019a , 2019b where all quantities are anomalies from long-term averages that are functions of time, location, and, in the case of forecasts, of forecast range, represented as
Here X are observations, Y k the ensemble of forecasts, and U k ensemble of simulations where k identifies the ensemble members. They consist, respectively, of externally forced components , , and ; predictable internally generated components and ; and unpredictable noise components x, k , and u k .
The assumption is that the forced components and are common across the ensemble members, as is the predictable internally generated component , while the unpredictable components k and u k are independent and identically distributed across their respective ensembles and average to zero over large enough ensembles. The ensemble means are represented without subscripts as
where the braces indicate an ensemble average.
Initialized forecasts attempt to predict the evolution of both forced and internally generated components. The simulations are subject to the same external forcing as the forecasts and consist of a forced component together with internally generated natural variability which is not initialized, hence not predictable, and which differs across ensemble members. In (2)-(6) all variables average to zero over the time period considered, forced components are independent of internally generated components, and all are independent of the unpredictable noise components.
With these assumptions, the variances of the ensembles of forecasts and simulations are
The second-order statistics involved in basic skill scores use covariances
and variances 2
In the above, the r's and 's denote correlation and standard deviations as indicated by subscripts, m is the ensemble size, the overbars indicate time averages, and E is the expectation, which is omitted subsequently for notional convenience although it is to be understood when estimating statistical parameters from the finite sample available. Forced components are involved in all three covariances (9)-(11), but only C XY and hence r XY involve the covariance of the internally generated predictable components and .
The skill of the internally generated component of variability necessarily arises from initialization. Only some of the skill of the forced component arises from initialization since the uninitialized forced component of the simulations also exhibits skill as a consequence of the imposed external forcing. The projection of in the direction of is assigned to the uninitialized part of the forecast and the residual to the initialized part, with
The scalar projection of on in vector terminology, or the regression coefficient in statistical terminology, is
where = 0 if the covariance < 0, else = 1, and 2 denotes the variance of . The second equality in (18) follows from (11). The step function guarantees that if projects negatively on , that is, if < 0, then is fully attributed to initialization. If the model response to external forcing is the same for both forecasts and simulations with = , then = 1, Y i = , and the initialized component is the internally generated predictable component.
In terms of the initialized and uninitialized components of the forecast (15)-(17)
and the correlation skill of the forecast follows as
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The quantities r i and r u are the "contributions" of the initialized and uninitialized components to r XY , while r XY i and r XY u are the correlation skills of the initialized and uninitialized components themselves. The contribution r i depends on r XY i and the variance accounted for by Y i and similarly for r u . In terms of available correlations and variances
where following (18) = 0 if r YU < 0, else = 1. For the variances
where m is the ensemble size and the arrows indicate the large m limit. The noise variance 2 is estimated by subtracting (13) from (7) as
and similarly for 2 u . With 2 u known, the predictable variance 2 follows from (14). For finite ensembles and relatively weak predictable signals, estimates of 2 Y i in (26) can be negative due to sampling errors, which is one reason why large ensembles are desirable for near-term climate predictions (Sienz et al., 2016; Smith et al., 2019; Yeager et al., 2018) . Larger ensembles increase 2
Y and the contribution of the initialized component to overall prediction skill.
When the uninitialized prediction has positive correlation skill (i.e., r XU > 0), as is typically the case for temperature due to the appreciable forced warming signal over much of the globe, we expect from (20) that r u < r XU =r u since r YU < 1, and although the ratio 2 U ∕ 2 > 1, it goes to 1 as the ensemble size increases. If r u < r XU =r u , then r i > r XY −r XU =r i indicating a larger contribution to correlation skill from the initialized component and less from the uninitialized component in the current approach, highlighting the benefits of initialization.
There are approaches that attempt to remove the forced component from forecasts and observations in order to assess the skill of the residual variability (Meehl et al., 2014) . These approaches involve fitting the data to parametric curves (Yeager et al., 2018) , or regressing against variations that are common to forecasts and observations, such as ensemble mean simulations (Smith et al., 2019) or observed CO 2 (van Oldenborgh et al., 2012) . The results are ambiguous in the sense that the estimate of the forced component may be considerably in error. These approaches are avoided here in favor of the skill measures (20)-(26) which are readily computed from the available data and for which the dependence on ensemble size is given explicitly by (24)-(26). Figure 1a displays the percentage of global area for which 2 Y i > 0, that is, for which temperature variability attributed to initialization is greater than zero. In (26), 2
Results
Y tends to increase as ensemble size m increases. This effect is more important at longer forecast ranges (Figure 1a ), for which an increase in m acts to counteract the growth of 2 ∕ 2 Y in (26). For sufficiently large m, 2 Y i ∕ 2 Y → 1 − r 2 YU ≥ 0 and the effect of initialization can be seen everywhere as long as r YU < 1, again indicating the benefits of large ensembles for near-term climate prediction.
The skill measures (20)-(23) for 20-member ensemble mean temperature predictions, averaged over the area of the globe with positive initialized and uninitialized variances are shown in Figure 1b . For all forecast ranges r u <r u and r i >r i indicating thatr i = r XY − r XU , the simple difference between initialized and uninitialized correlation skill, underestimates the role of initialization in forecast skill. The contribution r u to the overall skill from the uninitialized forced global warming component is almost constant after year 1, while the initialized component r i decays toward zero with forecast range as expected being marginally positive for year 3 and beyond. In the figure, the skill of the uninitialized component r XY u is essentially independent of forecast range. The skill of the initialized component r XY i exceeds r XY u for year 1 and decays with forecast range but retains some local skill at five or more years (see below). It is important to note that this skill, although of interest in itself, contributes only modestly to the overall initialized skill contribution r i .   Figures 2a-2g plot the geographic distribution of the correlation skill measures for year 1 temperature forecasts. The forecasts exhibit positive correlation skill (r XY > 0) over most of the globe, with a notable exception in the North Atlantic ocean sector (Figure 2a ). As can be seen from r i and r XY i (Figures 2e and  2g) , the negative skill in this region is attributed to forecast initialization. There are indications (Johnson et al., 2019) that issues with the Ocean Reanalysis System 5 (ORAS5; Zuo et al., 2019) used to initialize the hindcasts may have contributed to the poor skill in this region. The Southern Ocean is also a region of weak or negative skill but in this case is associated with the uninitialized forced component (Figures 2d and 2f ). The comparison of r i withr i (Figures 2c and 2e) shows that r i implies a more widespread contribution to correlation skill from initialization that doesr i , with significant values encompassing much of the global ocean and large continental areas known to be influenced by Pacific Ocean variability on interannual time scales (Dong et al., 2018; Wang et al., 2019; Yang & DelSole, 2012) . The skill r XY i of the initialized component itself is significant over much of the globe (Figure 2g ), with higher values over the oceans and also appreciable values over most continental regions illustrating the effect of initialization for temperature forecasts over land. There is however a relatively small contribution to overall skill over land (Figure 2e ) because of the strong temperature response to the external forcing (Figure 2d ). Figures 3a and 3b plot the geographic distribution of the correlation skill for the year 2 and the 2-5 year average temperature forecast. In both cases, skill is positive and significantly different from zero over much of the globe, with higher values for the multiyear average. Much of the correlation skill results from the uninitialized externally forced temperature as implied by the relatively small contribution r i from the initialized component (Figures 3e-3f ). Appreciable skill due to initialization is seen over part of the oceans and tropical land regions for year 2 of the forecasts (Figures 3-3e ). Generally r i (Figure 3e ) is larger thanr i (Figure 3c) indicating an underestimation of the role of initialization byr i . The initialized component Y i of the year 2 forecast has significant correlation skill r XY i over large portions of the globe including both ocean and land (Figure 3g ) and is also skilful for the 2-5 year average (Figure 3h ) over sectors of the North Atlantic, the Southern Ocean, Antarctica, and in parts of Siberia.
Discussion
The World Meteorological Organization document (WMO, 2016) entitled "Use of Climate Predictions to Manage Risks" is aimed at an audience of "policymakers, practitioners, and users" who "increasingly recognize the relevance and value of such information," including decadal prediction, for "decisions and planning, early warning of potential hazards." Predictions of any kind must be skilful to be useful, and decadal predictions occupy the middle ground between short-term climate forecasts, for which initial conditions dominate (e.g., monthly and seasonal forecasts), and simulations of climate change, for which external forcing dominates (Kirtman et al., 2013) . This has implications for assessing correlation skill especially for temperature which exhibits a broad increase with time.
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In the presence of a strong externally forced temperature trend, it can be difficult to compare the skill of initialized decadal forecasts with that of uninitialized simulations. Using previous approaches, enhanced temperature correlation skill due to initialization has been shown to be mainly limited to the oceans, particularly over the North Atlantic (Boer et al., 2016; Kirtman et al., 2013; Meehl et al., 2014) and some sectors of the Pacific and Indian Oceans (Chikamoto et al., 2019) . Comparatively little skill from initialization has been reported over land (Kirtman et al., 2013) , except possibly when trend corrections are applied (Yeager et al., 2018) or when considering the residuals of observations and forecasts from regressions on uninitialized simulations (Smith et al., 2019) .
The approach presented here quantifies the impact of initialization on prediction skill by separately evaluating the contributions to correlation skill of the uninitialized and initialized components of the forecasts. For temperature, the correlation skill of the initialized component is seen to be significantly different from zero over ocean and land regions on annual to multiyear time scales. This is the result of skilful predictions of internal variability and of "corrections" to the model's simulated response to external forcing by the initialization process. Initialization contributes only modestly to overall temperature skill over land and at longer forecast ranges as compared to the skill associated with the strong externally forced component. Larger ensemble sizes increase the variance fraction of the initialized component and its contribution to overall skill. A skilful initialized component is of potential importance for applications, especially at shorter ranges, and is also the area where enhancements in forecasting methods and systems can be expected to yield skill improvement.
